Background: Genomic prediction requires estimation of variances of effects of single nucleotide polymorphisms (SNPs), which is computationally demanding, and uses these variances for prediction. We have developed models with separate estimation of SNP variances, which can be applied infrequently, and genomic prediction, which can be applied routinely. Methods: SNP variances were estimated with Bayes Stochastic Search Variable Selection (BSSVS) and BayesC. Genome-enhanced breeding values (GEBV) were estimated with RR-BLUP (ridge regression best linear unbiased prediction), using either variances obtained from BSSVS (BLUP-SSVS) or BayesC (BLUP-C), or assuming equal variances for each SNP. Datasets used to estimate SNP variances comprised (1) all animals, (2) 50% random animals (RAN50), (3) 50% best animals (TOP50), or (4) 50% worst animals (BOT50). Traits analysed were protein yield, udder depth, somatic cell score, interval between first and last insemination, direct longevity, and longevity including information from predictors.
Results: BLUP-SSVS and BLUP-C yielded similar GEBV as the equivalent Bayesian models that simultaneously estimated SNP variances. Reliabilities of these GEBV were consistently higher than from RR-BLUP, although only significantly for direct longevity. Across scenarios that used data subsets to estimate GEBV, observed reliabilities were generally higher for TOP50 than for RAN50, and much higher than for BOT50. Reliabilities of TOP50 were higher because the training data contained more ancestors of selection candidates. Using estimated SNP variances based on random or non-random subsets of the data, while using all data to estimate GEBV, did not affect reliabilities of the BLUP models. A convergence criterion of 10 −8 instead of 10 −10 for BLUP models yielded similar GEBV, while the required number of iterations decreased by 71 to 90%. Including a separate polygenic effect consistently improved reliabilities of the GEBV, but also substantially increased the required number of iterations to reach convergence with RR-BLUP. SNP variances converged faster for BayesC than for BSSVS. Conclusions: Combining Bayesian variable selection models to re-estimate SNP variances and BLUP models that use those SNP variances, yields GEBV that are similar to those from full Bayesian models. Moreover, these combined models yield predictions with higher reliability and less bias than the commonly used RR-BLUP model.
Background
Genomic prediction is currently used in many breeding schemes around the world. Initial challenges for genomic prediction were to overcome the so-called n < < p problem, because the number of SNP (single nucleotide polymorphism) effects (p) that needs to be estimated in the model is typically much larger than the number of individuals with records in the training dataset (n). Much research in the past few years has been conducted to develop and test different genomic prediction models [1] . With the costs of genotyping dropping continuously, and with the expected use of whole-genome sequence data in practical applications in the short term [2] , the dimensions of datasets are growing rapidly. This also means that processing time and computer memory requirements of many genomic prediction models will rapidly increase.
Genomic prediction models can be roughly divided into two sets of models i.e. one that estimates the explained variance specific to each SNP or group of SNPs in the model, comprising most Bayesian genomic prediction models [1, 3, 4] , and one that completely relies on prior assumptions to define the explained variance that may be common for all SNPs, such as the RR-BLUP (referring to Random Regression Best Linear Unbiased Prediction [5] or Ridge Regression BLUP [1] ) and the GBLUP (genomic-BLUP [6] ) models. Several studies have shown that using SNP-specific variances to give more weight to SNPs with large effects, may improve the accuracy of genomic prediction [4, 6, 7] , although other studies, in particular those based on real data, have reported no differences in accuracies [1] . However, in traditional pedigree-based breeding value estimation models used in routine evaluations, variance components and breeding values are rarely estimated simultaneously, because this is computationally not feasible when using very large datasets [8] . Instead, variance components are usually estimated for a subset of the data, for which more stringent editing criteria are applied compared to data used for breeding value estimation. Because variance components are expected to be relatively consistent over time, they are re-estimated less frequently using REML or Bayesian models [9, 10] . However, for some species, breeding values are estimated much more frequently i.e. for dairy cattle [11] twice or four times per year for national genetic evaluations according to the ICAR guidelines [12] and for pig and poultry on a weekly or even daily basis. Compared to the models applied to estimate variance components, those applied to predict breeding values use different algorithms, for example preconditioned conjugate gradients (PCG) [13] .
To reduce computational burden in genomic prediction models, while still being able to use SNP-specific variances, a similar strategy that estimates separately variance components at low frequency and breeding values at much higher frequency appears to be an interesting option. The objectives of this study were: (1) to describe genomic prediction models that involve separate steps to estimate SNP variances and to estimate GEBV (genome-enhanced breeding values) using BLUP, (2) to compare the performance of this twostep procedure with the equivalent Bayesian model that estimates SNP variances and breeding values simultaneously, and (3) to investigate the impact on the reliability of GEBV obtained using BLUP with SNP variances estimated on random or non-random subsets of the data. These objectives were investigated using dairy cattle data.
Methods

Bayesian models that include variance component estimation
Two Bayesian models were used to estimate SNP effects and SNP specific variances i.e. Bayesian Stochastic Search Variable Selection (BSSVS) [14, 15] and BayesC [16] . The general model was:
where y is a vector of phenotypic records, μ is the overall mean, 1 is a vector of 1s, Z is an incidence matrix that links records to individuals, u is a vector of the random polygenic effects of all individuals, X is a matrix that contains the scaled and centered genotypes (such that they have a distribution N(0,1) for each locus) of all individuals, α is a vector of the (random) allele substitution effects for all loci, and e a vector of the random residuals.
The difference between BSSVS and BayesC lies in the distributions from which the allele substitution effects are drawn. In both models, for each iteration of the implemented Gibbs sampler, a QTL (quantitative trait locus)indicator I j is sampled for each locus j. In both models, the effect is sampled from a distribution with large effects if I j = 1. When I j = 0, the effect is either sampled from a distribution with small effects (BSSVS) or is set to 0 (BayesC).
For BSSVS, the estimate of α j is drawn from:
where x ′ j x j is the sum of the products of the genotypes at locus j and λ is equal to
For BayesC, the estimate of α j is drawn from:
For both models, σ 2 α has a prior distribution of:
where v is the degrees of freedom, set to 4.2 following [16] , and the scale parameter S 2 α is calculated as
α is the total genetic variance and n is the number of loci, and asσ 2 α ¼ 1 1−π À Á σ 2 α n for BayesC [1] . The posterior value of σ 2 α is drawn from the following inverse-χ 2 distribution for BSSVS:
where n is the total number of SNP loci in the data, α 2 is a vector with squares of the current estimates of the allele substitution effects of all loci, which is weighted by vector ω that contains values of 1 or 100 for each locus.
The posterior value of σ 2 α is drawn from the following inverse-χ 2 distribution for BayesC:
For both models, the posterior distribution of the QTLindicator for locus j (I j ) was (following the notation in [17] ):
with y * containing the conditional phenotypes and f(r j |I j = δ), with δ being equal to either 0 or 1 and proportional to 1 
Finally, the conditional posterior density of σ 2 e is an inverse-χ 2 distribution:
where m is the number of animals with records, and e is a vector of the current residuals.
More details on the BSSVS model are in Calus et al. [14] , Calus [18] and Verbyla et al. [15] , and more details on the BayesC model are in Habier et al. [16] . Both BSSVS and BayesC were run using Gibbs sampling. For each BSSVS and BayesC analysis, two replicates that each consisted of a Gibbs chain of 60 000 iterations were run, discarding 10 000 iterations for burn-in. For BSSVS, parameter π was set to 0.999, based on our experience with this model. For BayesC, parameter π was set to 0.9 for BayesC, in line with estimates for this parameter in the literature [16] .
BLUP models
In addition to the two Bayesian models, three BLUP models were used to predict GEBV of validation animals. The parameterization of all three BLUP models was similar to that of the Bayesian models, except that the BLUP models did not estimate SNP (specific) variances and they were solved using Gauss-Seidel instead of Gibbs sampling. Convergence criteria were computed across the mean, polygenic breeding values and SNP effects as the sum of squared differences between current and previous solutions, divided by the sum of squared current solutions [19] . The threshold used for convergence was 10 −10 [20] . To evaluate the impact of using a more relaxed convergence criterion on the reliability and the number of iterations required, a convergence criterion of 10 −8 was also tested. The first BLUP model, RR-BLUP, defined the SNP variance as the total genetic variance divided by the total number of SNP loci. The second BLUP model used SNP-specific variances that were computed using BSSVS. This model will hereafter be referred to as BLUP-SSVS. The third BLUP model used SNP-specific variances that were computed using BayesC. This model will hereafter be referred to as BLUP-C.
Variance components
Genetic variances were required to compute prior SNP-variances for BSSVS and BayesC, and to compute SNP-variances used in RR-BLUP. For RR-BLUP, the SNPspecific variance was set equal to 95% of the genetic variance divided by the number of SNPs. Note that it was divided by the number of SNPs because, after scaling and centering, all genotypes had a variance of 1. The variance of the polygenic effects was set as 5% of the genetic variance. Likewise, residual variances were required for the RR-BLUP model. The genetic and residual variances were estimated from the data with a pedigree-based model.
For both BLUP-SSVS and BLUP-C, the variance of the polygenic effect and the residual variance were directly obtained from the corresponding Bayesian models. The estimated SNP variances of the BSSVS model, to be used in the BLUP-SSVS model, were computed as:
wherep j is the posterior probability of locus j, that is computed as the average of the QTL indicator I j across all iterations after the burn-in, andσ 2 α is the posterior mean of the SNP variance component. Likewise, the estimated SNP variances of the BayesC model, to be used in the BLUP-C model, were computed as:
Implementation of the models
As mentioned before, the BLUP models were implemented using Gauss-Seidel, while the Bayesian models were implemented using Gibbs sampling. The treatment of the SNP variances differed between models, in the sense that they were estimated in the Bayesian models and assumed known in the BLUP models. To compute the conditional values of the allele substitution effects within iterations, in both the BLUP and Bayesian models, the right-hand-side updating algorithm was used [18] . This algorithm is an extension of residual updating that uses the feature that each locus has only three genotypes, which drastically reduces the required number of computations.
To avoid rounding errors due to residual updating, the residuals were recomputed every 100th iteration [20] . The order of the SNPs in which they were handled, was permuted every 10th iteration to speed up convergence in the BLUP models and to improve mixing in the Bayesian models solved with Gibbs sampling. This implies that the BLUP models also used a random seed, except that this was only used to permute the order in which the SNPs were evaluated. For each analysis of the BLUP and the Bayesian models, two replicates were performed using different seeds. Final estimates for each scenario were obtained as the average of the two replicates.
Data
The data comprised 5000 Holstein Friesian dairy bulls with genotypes and de-regressed estimated breeding values (EBV) obtained from the Dutch national evaluations for the six following traits: protein yield, udder depth (UD), somatic cell score (SCS), interval from first to last insemination (IFL), direct longevity (DLO), and longevity including information from the predictor traits UD, SCS and locomotion (LON). Reliabilities of the EBV were used to compute effective daughter contributions (EDC) [21] , which were used as weights in the analyses, by dividing the residual variance for each bull by its EDC. The genotypes were edited as part of a larger dataset. SNPs with a minor allele frequency below 0.025, a difference between observed and expected fraction of heterozygotes (based on Hardy-Weinberg disequilibrium) larger than 0.15, or a call rate higher than 90% were removed. Any missing individual genotype was imputed using DAGPHASE [22] and Beagle [23] , to avoid missing genotypes in the final data. The training data consisted of 4245 to 4271 animals across the six traits. The validation population comprised all bulls with phenotypic information in the data born since January 1 2004 onwards, with a total number of 729.
Scenarios
In terms of animals used in the Bayesian models versus the BLUP models, four different scenarios were considered, as summarized in Table 1 . In the first scenario, all animals in the training dataset were used in the Bayesian models and RR-BLUP. This scenario is termed 'FULL' hereafter. In the second scenario, a random selection of 50% of the animals from the training dataset was used in the Bayesian models and RR-BLUP, and the BLUP-C and BLUP-SSVS used the SNP-wise variances from BayesC and BSSVS, with the corresponding reduced data. This scenario is termed 'RAN50' hereafter. It reflects a situation for which SNP-variances are estimated on a reduced random subset of the data. In the third scenario, the 50% of the animals in the training dataset with the highest deregressed EBV were used in the Bayesian models. This scenario is termed 'TOP50' hereafter. It reflects a situation in which SNP-variances are estimated on a reduced nonrandom subset of the data. The fourth scenario is similar to the third, but uses the 50% animals with the lowest de-regressed EBV. This scenario is termed 'BOT50' hereafter. It should be noted that both the TOP50 and BOT50 scenarios were defined for each trait separately and thus contained different animals for different traits. In all four scenarios, all training animals were used with the BLUP models BLUP-SSVS and BLUP-C.
Evaluation of reliability, bias and convergence
Reliability of GEBV was calculated as the squared correlation between de-regressed EBV and GEBV, divided by the average reliability of the initial EBV that were de-regressed (ranging from 0.82 to 0.96 across traits). It should be noted that the GEBV consisted of the sum of the SNP effects and the polygenic effect. Standard errors of the reliabilities were computed for both BLUP and Bayesian models using bootstrapping through the R-package "boot" [24] . The bootstrapping procedure involved computing reliabilities for 10 000 bootstrapping samples of the 729 validation animals. Standard errors were computed as the standard deviation of those 10 000 reliability estimates. For each scenario, this standard error was computed for each replicate and then averaged across the two replicates. Bias of the GEBV was assessed by comparing mean de-regressed EBV and mean GEBV across all validation animals, and by evaluating coefficients of the regression of de-regressed EBV on GEBV.
For the BLUP models, the number of iterations to reach convergence is reported as a measure of efficiency. For BSSVS and BayesC, the estimated value of the SNP variance component was plotted for each iteration in the Gibbs chain, for visual inspection of its convergence. In order to assess whether the length of the Gibbs chain was sufficient, the effective chain length of the 50 000 samples after burnin was computed using the R package Coda [25] .
Results
Reliability of GEBV
Estimated reliabilities of GEBV across traits, scenarios, and models are in Table 2 . Results indicate that within scenarios, the BSSVS and BayesC models had very similar reliabilities, while the RR-BLUP model generally had slightly lower reliabilities than BSSVS and BayesC, although the difference was only significantly different from 0 (P < 0.05) for the trait DLO. Although not significant at P < 0.05, the P-value of the difference between the reliability using RR-BLUP and the reliability using the Bayesian models was less than 0.10 for protein and LON (results not shown). The models BLUP-SSVS and BLUP-C always used all training animals, but used SNP variances that were estimated with BSSVS and BayesC using different training datasets in the different scenarios.
Reliabilities obtained with BLUP-SSVS and BLUP-C were always very similar to the reliabilities obtained with BSSVS and BayesC in the FULL scenario. Comparing the reliabilities of BSSVS and BayesC across different scenarios indicates that selecting the best animals (TOP50) as training animals yielded a slightly higher reliability for four out of six traits than selecting training animals at random, while selecting the worst animals (BOT50) yielded very low reliabilities for five out of six traits. In summary, these results indicate that using random (RAN50) or non-random subsets (TOP50 and BOT50) to estimate SNP variances does not affect the GEBV, as long as the training data used to predict the GEBV includes all animals. The equivalence of the GEBV obtained in the FULL scenario, is illustrated by the correlation between GEBV obtained with those different models ( Table 3 ). These correlations clearly indicate that BSSVS, BayesC, BLUP-SSVS and BLUP-C gave very similar GEBV (correlations > 0.99) for all traits and scenarios. The GEBV obtained with RR-BLUP that assumes that each SNP explains the same amount of variance, tended to be slightly different from the GEBV obtained with the other models, with correlations ranging from 0.94 to 0.99.
Bias of GEBV
For all scenarios, models and traits, de-regressed EBV were compared to the GEBV, to investigate potential bias in the GEBV. The difference between mean of the de-regressed EBV and mean of the GEBV gives an indication of the bias in the level of the GEBV. Those differences show that within scenarios, biases of the Bayesian models and RR-BLUP were very similar ( Table 4 ). Compared to the FULL scenario, for BSSVS, BayesC and RR-BLUP, the bias with the RAN50 scenario was somewhat higher for all traits except DLO and LON, and even more so for the TOP50 and BOT50 scenarios. In all scenarios, the bias in the level of predictions with models BLUP-SSVS and BLUP-C was similar to the bias observed with the Bayesian models and RR-BLUP in the FULL scenario.
Slopes of the regression of de-regressed EBV on the GEBV indicate bias in the scale of the GEBV, i.e. values greater (lower) than 1.0 indicate underestimation (overestimation) of the variance of the GEBV. For the FULL scenario, regression coefficients deviated most from 1.0 for RR-BLUP and were substantially lower than 1.0 for all traits ( Table 5 ). The other models yielded regression coefficients closer to 1.0, but also had values substantially lower than 1.0 for the traits IFL, DLO and LON. Compared to the FULL scenario, the GEBV obtained with BSSVS and BayesC always showed a greater bias for the BOT50 scenario except for protein, and for some traits also for the RAN50 scenario. However the TOP50 scenario tended to yield the least biased GEBV, even compared to the FULL scenario, except for SCS and UD.
Estimated SNP-specific variances
Distributions of estimated SNP-specific variances of the Bayesian models were studied since the most important difference between the Bayesian models and the RR-BLUP Reliabilities are computed for six traits, five different models and four training scenarios using all (FULL), at random 50% (RAN50), the best 50% (TOP50), or the worst 50% (BOT50) of the training dataset. 1 Standard errors of reliabilities were on average equal to 0.029 and ranged from 0.010 to 0.034; a,b values with different superscripts indicate significant differences at P < 0.05; reliabilities of BSSVS, BayesC and RR-BLUP were compared to each other within the same scenario; reliabilities of BLUP-SSVS and BLUP-C for all four scenarios were always compared to reliabilities of BSSVS, BayesC and RR-BLUP obtained in the FULL scenario, because BLUP-SSVS and BLUP-C always used all training animals.
model lies in the SNP variance used to estimate the SNP effects. The distributions of the two independent replicates were very similar, and therefore only the distribution for the first replicates is shown in Figure 1 . These results show that the maximum SNP variances were substantially larger for the BSSVS model compared to the BayesC model.
Convergence of the Bayesian models
The pattern of the SNP variance component across iterations, appeared to be quite stable after the 10 000 iterations of burn-in, both for BSSVS and BayesC, as illustrated in Figure 2 for the first replicate of each trait in the FULL scenario. In fact, the patterns suggest that using 5000 iterations for burn-in would be sufficient for all traits and both models, while for some traits as little as 2000 iterations appears to be sufficient for burn-in. Effective chain lengths ranged from 57.9 to 211.4 for BSSVS and from 179.6 to 522.2 for BayesC ( Figure 2 ). In nearly all cases, the effective chain length was roughly twice as large for BayesC compared to BSSVS, suggesting that the SNP variance component reaches convergence faster in BayesC than in BSSVS. Considering that the effective chain length should be at least 50, this suggests that across traits and models, anywhere between~5000 and 50 000 iterations are required after burn-in.
Convergence of the BLUP model
The number of iterations required for the different BLUP models until convergence, averaged across both replicates, is in Table 6 . In general, the required number of iterations was rather similar for RR-BLUP, BLUP-SSVS and BLUP-C. The only clear difference was observed between RR-BLUP on the one hand, and BLUP-SSVS and BLUP-C on the other hand for the traits UD and SCS in the TOP50 scenario and for IFL in the BOT 50 scenario. In those cases, RR-BLUP required 4000 to 5000 iterations compared to 13 000 to 16 000 for BLUP-SSVS and BLUP-C. When using a convergence criteria of 10 −8 instead of 10 −10 for the FULL scenario, GEBV had very similar reliabilities (Table 7) , and were indeed virtually the same, i.e. they had a correlation higher than 0.999 (results not shown). The required number of iterations, however, was only 1832 to 4928 (Table 7) , and thereby decreased by 71 to 90% compared to the more stringent convergence criterion of 10 −10 .
Discussion
The objectives of this study were to develop and describe genomic prediction models with a separate step to estimate SNP specific variances with a Bayesian model and a subsequent step to predict GEBV using a BLUP model. Such a system has the advantage that SNP variances can be estimated less frequently, while genomic evaluations can be performed at higher frequency with a BLUP model. BLUP models have the advantage that monitoring of convergence is straightforward and convergence is obtained within a limited number of iterations, as our results confirmed, while it was expected that the results of the BLUP models were similar to those of the Bayesian models. Our results confirmed that the BLUP models, using SNP-specific variances, yielded GEBV that were very similar to those with the Bayesian models, even if the SNP-specific variances were estimated from a non-random subset of the data. Other studies have drawn similar conclusions when SNP variances were estimated with Lasso [26] or BayesB [7] and later used in a GBLUP type of model, or when a non-linear weighting was directly incorporated in the GBLUP model [6] , although those studies did not investigate the sensitivity of the models to estimating SNP variances from non-random subsets of the data. Another advantage of using pre-computed SNP variances from the data rather than using variances that are a priori distributed across the SNPs, is that the SNP variances used are not very dependent on assumptions that need to be made in RR-BLUP, where the variance for all SNPs is assumed equal and simply computed as the total genetic variance divided by the number of SNPs. Using estimated SNP variances instead, allows the variances to differ between SNPs, and even to adapt, for instance, to linkage disequilibrium between SNPs, which may affect the variance associated to them. Our results suggest that the assumptions of, e.g., RR-BLUP may result in less accurate and more biased predictions.
The GEBV obtained using BSSVS and BayesC were very similar, despite the observation that the distributions of SNP effects differed considerably between the two models ( Figure 1 ). It should be noted that the differences in SNPspecific variances between the two Bayesian models were mainly due to differences in priors. Initially, π was set equal to 0.999 and 0.99 for BSSVS and BayesC, respectively. The value of 0.99 for BayesC was chosen to obtain the same prior SNP variance componentσ 2 a À Á for both models. However, the reliabilities obtained for BayesC with this initial value for π were substantially lower than those for BSSVS (results now shown). Therefore, we decided to use a π value of 0.90 for BayesC, which is closer to empirical estimates for BayesC reported in the literature [16] . With this value of π for BayesC, results of BSSVS and BayesC were very similar.
Use of subsets of data to estimate SNP variances
Although BSSVS and BayesC consistently outperformed RR-BLUP, the difference in observed reliabilities was not significantly different from 0 for nearly all cases, despite the relatively large number of validation animals used, i.e. 724. Also, the scale of the GEBV obtained with BLUP-SSVS and BLUP-C was consistently less biased than the scale of the GEBV obtained with RR-BLUP. In fact, when SNP variances were estimated with a subset of the data (RAN50, TOP50 and BOT50), both BLUP-SSVS and BLUP-C, which used all training data, were in most Regressions are performed for six traits, five different models and four training scenarios using all (FULL), at random 50% (RAN50), the best 50% (TOP50), or the worst 50% (BOT50) of the training dataset.
cases able to reduce the bias observed in the level of the GEBV (Table 4 ) and overcome the bias observed in the scale of the GEBV with the Bayesian models (Table 5 ). These results are in line with those of other studies that suggest that bias in GEBV due to genomic pre-selection can be overcome by including all information of selected and unselected animals when estimating GEBV [27, 28] . However, based on our results using all information does not seem necessary when estimating the SNP variances. Thus, it is concluded that genomic prediction models that use pre-computed SNP variances are efficient and can generate GEBV with improved properties, in terms of reliability and bias, compared to the commonly used RR-BLUP model. One clear trend in the results was that GEBV predicted using the 50% of the animals in the training data with the highest de-regressed EBV (TOP50) resulted for most traits (Protein, SCS, DLO, and LON) in a higher reliability than using a random 50% of the animals as training data (RAN50). For all traits except IFL, selecting the 50% animals with the lowest de-regressed EBV resulted in a very low reliability. The explanation for these results is that the validation animals in our study are not just a random subset of animals, but selection candidates, i.e. their sires most likely have an above average breeding value and are therefore likely to be included in the training data in the TOP50 scenario. This explanation can be investigated by simply counting per scenario the number of selection candidates that have sires, paternal or maternal grandsires with de-regressed EBV in the training data. The results are in Table 8 and show that the number of male ancestors in the reference population were substantially larger for the TOP50 animals than for the RAN50 animals for all traits, except for IFL, in agreement with the observation that IFL had a substantially lower reliability with the TOP50 scenario compared to the RAN50 scenario. Thus, using only the TOP50 training animals results in a set of training data that are highly related to the selection candidates for most traits, which is known to result in higher reliabilities [5, 29, 30] . In fact, our results suggest that when resources are limited to compose a training dataset, the best approach may be to genotype only the animals with high EBV. Some simulation studies show that selecting only the top animals may lead to substantially biased [31] and inaccurate predictions [32] . In our study, reliabilities for four out of six traits were higher for the TOP50 scenario than for the RAN50 scenario. Only for IFL, was the reliability considerably lower for TOP50 than for BOT50, simply because the number of male ancestors for the validation animals was much greater for BOT50 than TOP50. At the same time, for four out of six traits, the bias was smaller for the TOP50 scenario than for the RAN50 scenario. Thus, in general, our results were better for TOP50 than for RAN50. The most likely reason for the discrepancy between our results and those in the aforementioned simulation studies [31, 32] , is that the predicted animals were selection candidates in our study, and thereby more likely to be offspring of the top animals, while the predicted animals were generated through random mating in the studies of Jiménez-Montero et al. [31] and Bolignon et al. [32] .
Computing efficiency
In our study, the effective chain length of the SNP variance component was evaluated as a measure of convergence of the Bayesian models. This clearly showed that the effective chain length increased almost continuously with the number of iterations [see Additional file 1: Figure S1 ]. However, it is unclear whether effective chain length is indeed an indicator of convergence, for instance at the level of estimated SNP-specific variances. One way to assess convergence of SNP-specific variances, is to evaluate the correlation between posterior means of variance estimates from two independent replicates, where a correlation close to 1 indicates that both independent chains have converged to very similar SNP-specific variances.
We computed this correlation every 1000th iteration and compared it to the effective chain length of the SNP variance component achieved at that iteration after burn-in [see Additional file 2: Figure S2 ]. This shows, that with the BSSVS model, an effective chain length of 50 was sufficient to obtain similar SNP-specific variances between replicates for LON, DLO, and SCS (correlations ranged from 0.87 to 0.92). However for the traits Protein, UD and IFL, correlations between SNP variances ranged only from 0.47 to 0.54 when an effective chain length of~50 was obtained. With BayesC, for all traits, the SNP-specific variances were very similar (correlations above 0.91) after an effective chain length of~200, which was achieved for all traits within the 50 000 iterations performed after the burn-in [see Additional file 1: Figure S1 ]). This shows that the SNP-specific variances estimated with BayesC converged in considerably fewer iterations compared to BSSVS, as indicated by the observation that for a given number of iterations the effective chain length of the SNP variance component was roughly twice as large for BayesC than for BSSVS. With both BLUP and Bayesian models, the order of the SNPs was permuted every 10th iteration. This strategy was initially implemented to improve mixing in the Gibbs chain for the Bayesian models. This strategy also helped to speed up convergence in the BLUP models (results not shown). Other reported strategies that speed up convergence are to order the SNPs based on decreasing minor allele frequency [33] .
Our implementation of the BLUP models used Gauss Seidel. Legarra and Misztal [20] showed that Gauss Seidel was 4.6 times slower than PCG. Their comparison showed that PCG was more efficient because it required~8 times fewer iterations, while one iteration took twice as long for PCG than one iteration of Gauss Seidel. It should be noted that we used right-hand-side updating [18] in the Gauss Seidel implementation, which is shown to be~5 times faster than the residual updating algorithm used by Legarra and Misztal [20] when the training data contains~5000 animals [18] . However, right-hand-side updating cannot be applied to the PCG algorithm.
The number of iterations required for RR-BLUP to reach convergence ranged from 4017 to 19 980 (Table 6 ). These numbers are much larger than for instance the 164 required iterations reported by Legarra and Misztal [20] . We expected that this difference may be due to the fact that our models included a polygenic effect that is at least partly confounded with the SNP effects. In such situations, the Gauss-Seidel algorithm may be inefficient. Since convergence was monitored at the level of the estimated SNP effects and polygenic breeding values, the GEBV may in fact have converged much faster. To investigate this, one additional replicate was run for all BLUP models for all traits and the FULL scenario, for 200 000 iterations. GEBV were stored every 1000 iterations, and their correlation with the final estimates after 200 000 iterations were computed, following a similar approach as [19] . These results showed that correlations with final estimates greater than 0.9999 and 0.999 were obtained within the first 1000 iterations for all traits with RRBLUP and BLUP-C, respectively. For BLUP-SSVS, correlations greater than 0.999 were obtained within 1000 iterations for four out of six traits. For UD and IFL, 4000 and 7000 iterations were required to obtain correlations above 0.99. This suggests that for most applications of the BLUP models included in our study, convergence at the level of the GEBV is expected to be reached within the first 1000 iterations. Thus, monitoring convergence at the level of the estimated SNP and polygenic effects may unnecessarily increase the total number of iterations. Whether this holds for a particular application can be investigated by computing correlations between GEBV after different numbers of iterations with "final" estimates, as outlined above.
To further test the hypothesis that the confounding between SNP and polygenic effects leads to poor convergence at the level of the estimated SNP and polygenic effects, the analyses with RR-BLUP in the FULL scenario were repeated without a polygenic effect in the model for all six traits, using a convergence criterion of 10 −10 . The results (Table 9) show that in this case, only 29 to 131 iterations were required, i.e. less than 1% of the iterations required for the RR-BLUP model that did include a polygenic effect. At the same time, however, the obtained reliabilities were 0.015 to 0.031 lower than those obtained with the RR-BLUP model that did include a polygenic effect (Table 9 ). This stresses that polygenic effects capture some additional variance in genomic prediction models [34] , which results in slightly higher accuracy of GEBV, as also demonstrated in other studies [33, 35] , although this may require much more iterations to reach convergence of the BLUP models, as shown in our study. Results also presented in Table 2 ; 2 results also presented in Table 6 .
Frequency to re-estimate SNP variances
Within the proposed framework, an important question is how often the SNP variances should be estimated. Or in other words: how fast are estimated SNP effects expected to change in time? So far, there are no published reports based on real data that have investigated this issue. The answer probably depends on several factors, including selection intensity, effective size of the population, density of the SNP chip used, initial size of the training data, and whether or not the size and composition of the training data change over time. For instance, it has been shown that a strong increase in the size of the training dataset leads to a much wider range of estimated SNP effects, even in a model for which the variance allocated to each SNP was the same [33] . This indicates that increasing the size of the training dataset, will also change SNP variances because power to estimate these variances increases.
Similarly, an important question for traditional pedigreebased genetic evaluation models is how often variance components should be re-estimated. For traditional genetic evaluation models applied in dairy cattle, the Interbull recommendation is to estimate variance components as often as possible and definitely, at least, once per generation [12] . Since the additive genetic variance estimated with an animal model is expected to be the same as the sum of all SNP variances, SNP variances are expected to change more than variance components used in conventional pedigree-based animal models. This suggests that SNP variances should be estimated more frequently than overall variance components. Moreover, our results indicate that the results of the BLUP models are very robust against using nonrandom subsets of the data to estimate SNP variances. This suggests that re-estimating SNP variances once a year is expected to be more than sufficient.
Conclusions
Our results show that BLUP genomic prediction models can adopt the same characteristics and yield the same results as variable selection models, provided that they use SNP-specific variances that are estimated with the variable selection models. This permits a flexible genomic evaluation system, for which SNP variances are perhaps re-estimated once per year using a Bayesian model, while efficient BLUP models that permit easy evaluation of convergence during the analysis, can be applied to estimate GEBV at a much higher frequency.
To monitor convergence in the Bayesian models, computing the effective chain length of the SNP variance component appears to be a useful measure. For the two Bayesian models used here, the estimated SNP-specific variances converged in considerably fewer iterations with BayesC than with BSSVS.
Our results confirmed that in order to get unbiased GEBV, it is important that the training dataset covers the entire population and that it is not composed of a preselected group of animals. However, using a pre-selected group of animals to estimate the SNP-specific variances did not affect the resulting GEBV, provided that the training data used in the BLUP step covered the entire population. Genomic prediction models that use pre-computed SNP variances proved to be able to generate GEBV with better properties, in terms of reliability and bias, than the commonly used RR-BLUP model. Including a separate polygenic effect systematically improved the reliabilities of the GEBV but also substantially increased the number of iterations needed to reach convergence for the RR-BLUP model.
